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Summary  This  paper  aims  to  develop  a  method  that  optimize  the  multi-performance  char-
acteristics  (MPCs),  i.e.  micro-hardness  (-H)  and  surface  roughness  (SR)  for  the  powder  mixed
electrical discharge  machining  (PMEDM)  of  Tungsten  Carbide  (WC-Co)  alloy.  Initially,  authors
successfully  achieved  the  optimal  parameter  selection  for  PM-EDM  of  WC  alloy  by  using
grey relational  analysis  (Sharma  and  Singh,  2014a).  There  is  a  still  chance  of  presence  of
uncertainty/fuzziness  in  GRA  results  as  it  has  ‘‘higher-the-better’’  and  ‘‘lower-the-better’’
characteristics.  Therefore,  authors  established  the  grey-fuzzy  and  grey-ANFIS  approach  to  han-
dle that  uncertainty  and  discreteness  present  in  the  data,  this  study  also  shows  the  comparison
between these  methods.  Theoretical  prediction  of  grey-fuzzy  approach  shows  that  the  proposed
approaches  can  prove  useful  for  optimizing  MPCs.  It  is  observed  that  experiment  no.  24  with
pulse-on time,  100  s  (A3);  pulse-off,  50  s  (B2);  current,  9 A˚  (C3)  and  powder,  C  (D1)  factor
combination  provides  best  MPC’S  amongst  27  experiments.  This  study  shows  that  the  use  of
graphite  powder  is  found  to  be  more  suitable  for  improvement  in  surface  characteristics  of
WC-Co. Results  shows  that  pulse-on  time  is  the  dominating  factor  comparative  to  others  factors
which affect  the  study.
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licenses/by-nc-nd/4.0/).ntroductionlectrical  discharge  machining  (EDM)  has  ability  to  machine
he  high  strength  temperature  resistant  (HSTR)  alloys  and
ifﬁcult-to-machine  (DTM)  materials  having  very  complex
nd  sophisticated  shapes.  The  process  is  most  widely  used
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Table  1  L27 OA  experimental  design,  GRG,  GFRG  and  G-ANFISG  results.
Sr.  no.  Pulse-on  time,  (s)  Pulse-off  time,  (s)  Current, A˚  Powder  GRG  GFRG,  ˛  Rank  G-ANFISG,    Rank
1  15  10  3  C  0.5363  0.6280  17  0.6310  18
2 15  10  6  Al2O3 0.5508  0.5620  21  0.5770  22
3 15  10  9  —  0.6285  0.5580  22  0.5590  21
4 15  50  3  —  0.3937  0.4950  26  0.5120  26
5 15  50  6  C  0.5701  0.6190  18  0.6330  17
6 15  50  9  Al2O3 0.5820  0.5920  20  0.6180  19
7 15  75  3  Al2O3 0.4385 0.5420 23  0.5550  23
8 15  75  6  —  0.3651  0.4510  27  0.4630  27
9 15  75  9  C  0.5450  0.5980  19  0.6010  20
10 50  10  3  Al2O3 0.4882  0.5330  24  0.5470  24
11 50  10  6  —  0.5912  0.6320  16  0.6390  16
12 50  10  9  C  0.6739  0.6860  9  0.6920  10
13 50  50  3  C  0.5910  0.6450  15  0.6510  15
14 50  50  6  Al2O3 0.5925  0.6550  14  0.6700  14
15 50  50  9  —  0.6493  0.6740  12  0.6910  11
16 50  75  3  —  0.5040  0.5080  25  0.5200  25
17 50  75  6  C  0.6624  0.6910  6  0.7190  4
18 50  75  9  Al2O3 0.6867  0.6890  7  0.7030  8
19 100  10  3  —  0.6930  0.6750  11  0.6980  9
20 100  10  6  C  0.6772  0.6880  8  0.6870  12
21 100  10  9  Al2O3 0.6571  0.6940  4  0.7180  5
22 100  50  3  Al2O3 0.7160  0.7240  3  0.7330  3
23 100  50  6  —  0.6894  0.6920  5  0.7100  6
24 100  50  9  C  0.7819  0.8390  1  0.8400  1
25 100  75  3  C  0.6857  0.7320  2  0.7440  2
26 100  75  6  Al2O3 0.6468  0.6660  13  0.6730  13
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s27 100  75  9  
n  mould-die,  automotive  and  aerospace  industries.  In  mech-
nism  of  EDM,  unwanted  parts  of  workpiece  is  removed  by
he  high  temperature  spark  and  many  defects  such  as  cracks,
orosity,  residual  stress,  improper  recast  layer  are  found  due
o  high  temperature  variation  (Lin  et  al.,  2008).  Hence  an
nnovative  technique  known  as  powder  mixed  EDM  has  been
erformed  in  the  presence  of  foreign  particles  suspended  in
ielectric  medium  to  overcome  some  of  the  limitations  of
onventional  EDM  (Kumar  et  al.,  2011;  Sharma  and  Singh,
014a).  Jahan  et  al.  (2011)  and  Sharma  and  Singh  (2014b)
arried  out  a  detailed  review  on  current  research  develop-
ents  in  additives/powders  mixed  EDM  of  DTM  materials  and
oncluded  that  it  is  still  at  developing  and  emerging  tech-
ique.  In  literature  studies,  Lin  et  al.  (2008), Kanagarajan
t  al.  (2008),  Lee  and  Li  (2001)  and  Kung  et  al.  (2009)  ana-
ysed  the  effect  of  various  EDM  parameters  on  the  charac-
eristics  of  WC  and  stated  that  performance  characteristics
re  conﬂicting  goals  which  cannot  be  achieved  simultane-
usly  with  a  particular  combination  of  control  settings  of
arameters.  As  real-world  problems  become  more  complex,
ew  models,  which  combine  knowledge,  techniques  and
ethodologies  from  various  sources,  became  necessary  in
ecision-making  processes.  As  ANFIS  technique  successfully
sed  in  manufacturing  to  handle  the  uncertain  and  discrete
ata  as  it  contains  advantages  of  both  ANN  and  fuzzy  logic
ethod  (Abdulshahed  et  al.,  2015).  Therefore,  researchers
sed  a  hybrid  Grey-Fuzzy-ANFIS  approach  to  handle  the
ncertain  and  discrete  data.  Grey-fuzzy  reasoning  grade
i
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GFRG)  is  calculated  and  optimal  parameters  are  identiﬁed
ith  the  help  of  GFRG  response  table.  ANFIS  method  is  used,
s  fuzzy  logic  completely  depends  upon  the  expert  opinion
nd  knowledge.  Therefore,  artiﬁcial  intelligence  has  also
een  involved  to  validate  the  results  obtained.
esults and discussion
s  the  authors  performed  a  study  to  optimize  the  MPCs  of
C  alloy  (Sharma  and  Singh,  2014a),  the  input  parameters
ulse-on  time  (10,  50,  100  s),  pulse-off  time  (10,  50,  75  s),
urrent  (3,  6,  9 A˚) and  powders  (graphite,  alumina  and  no
owder)  are  studied.  Table  1  shows  the  experimental  design,
RG  values,  predicted  values  of  grey-fuzzy  grade  and  grey-
NFIS  grade.
rey-fuzzy  analysis
rey  relational  coefﬁcient  values  of  -H  and  SR  are  used
s  input  for  the  fuzziﬁcation  and  trapezoidal  membership
unction  are  used  to  fuzzify  these  GRCs  with  ﬁve  fuzzy  sub-
ets  to  represent  the  inputs  and  the  corresponding  output,
.e.  GFRG  is  represented  using  seven  subsets.  The  rules  are
irectly  derived  based  upon  the  fact  that  larger  the  GFRG,
etter  the  multi-response  output.  Based  on  the  fuzzy  rules,
he  Mamdani  implication  method  is  employed  in  the  study
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Table  2  Average  response  table  for  GFRG  and  G-ANFISG.
Sr.  no.  Process  parameters  Symbol  Level-1  Level-2  Level-3  Max—Min
Grey-fuzzy  reasoning  grade  response  table
1. Pulse-on  time,  s  A  0.5608  0.6347  0.7097a 0.1489a
2.  Pulse-off  time,  s  B  0.6284  0.6591a 0.6178  0.0413
3. Current, A˚  C  0.6091  0.6287  0.6675a 0.0584
4. Powder D  0.6803a 0.6285  0.5965  0.0838
Grey-ANFIS grade  response  table
1. Pulse-on  time,  s A  0.5721 0.6480 0.7235a 0.1514a
2.  Pulse-off  time,  s B  0.6388 0.6731a 0.6318 0.0413
3. Current, A˚  C  0.6212  0.6414  0.6812a 0.0600
4. Powder  D  0.6888a 0.6437  0.6112  0.0776
Overall mean of grey-fuzzy reasoning grade is 0.6350 and grey-ANFISG is 0.6478.
a The optimum levels.
Table  3  Results  of  the  initial  and  optimal  machining  performance.
Sr.  no.  Process  parameters  Initial  machining  Optimal  machining  parameters
A1 B3 C2 D3 Prediction  Experiment  Error  (%)
A3 B2 C3 D1 A3 B2 C3 D1
3.  Grey  relational  grade,   i 0.3651  0.7858  0.7819  0.49%
4. Grey-fuzzy  grade,  ˛  0.4510  0.8366  0.8390  0.28%
5. Grey-ANFIS  grade  0.4630  
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CFigure  1  Comparison  of  grey  relational  grade,  grey-fuzzy  rea-
soning grade  and  grey-ANFIS  grade.
for  the  fuzzy  inference  reasoning.  Further,  in  order  to  obtain
a  single  output  crisp  value,  defuzziﬁcation  is  done.
Table  1  represents  the  GFRGs  obtained  after  the  defuzzi-
ﬁcation  of  the  crisp  input  values.  Higher  the  GFRG  more
is  the  optimal  result.  As  experiment  no.  24  has  highest
0.8390  value,  therefore  experiment  no.  24  ranked  1,  which
shows  that  it  has  optimal  combination  of  parameters  for  the
machining  of  WC.
Grey-ANFIS  analysis
ANFIS  was  constructed  through  MATLAB,  and  18  readings
comprised  the  training  and  9  for  the  testing  data  set.  Dif-
ferent  membership  functions  were  used  in  training  ANFIS.
The  generalized  bell  membership  function  (gbellmf)  gives
the  lowest  training  error  of  all  performance  measures,  so
it  was  adopted  for  the  ANFIS  training  process  in  this  study.
The  fuzzy  rule  architecture  of  ANFIS  when  gbellmf  is  adopted
T
S
e0.8382  0.8400  0.21%
onsists  of  16  fuzzy  rules  generated  from  the  input-output
ata  set  based  on  the  Sugeno  fuzzy  model.
Comparison  between  all  the  3-grades  is  shown  in  Fig.  1.
his  shows  that  ANFIS  is  a  best  soft  computing  technique  to
et  the  optimal  results.  From  Table  2,  GFRG  and  G-ANFISG
hows  that  pulse-on  time  is  the  most  contributing  parameter
n  study.  The  optimal  parameter  selection  for  this  study  from
able  2  is  pulse-on  time,  100  s  (A3);  pulse-off,  50  s (B2);
urrent,  9 A˚ (C3)  and  powder,  C  (D1).
onﬁrmation of results
o  conﬁrm  the  results  obtained  from  the  study,  theoreti-
al  prediction  of  the  results  has  to  be  done  by  using  the
ollowing  (Eq.  (1)).
 =  ˛m +
q∑
j=1
(˛j −  ˛m)  (1)
Table  3  provides  the  results  for  both  prediction  and
xperimental  values.  As  evident  from  Table  3, the  error
btained  is  very  small  for  ANFIS  followed  by  fuzzy  logic  and
RA  method.  The  experimental  and  predicted  values  for  all
he  three  grades  lying  close  to  each  other,  this  shows  the
igniﬁcance  of  the  used  optimization  tools.
onclusionhis  work  uses  the  previously  published  work  (Sharma  and
ingh,  2014a) of  the  authors  and  make  that  data  more
fﬁcient  by  using  the  soft  computing  techniques  called
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S58  
uzzy  logic  and  adaptive-neuro  fuzzy  inference  system.  From
able  1,  experiment  no.  24  found  most  signiﬁcant  as  it  has
ank  1  and  these  parameters  are  in  harmony  with  the  result
f  response  (Table  2).  The  pulse-on  time  come  outs  to  be
ost  inﬂuencing  input  parameter  for  this  study.  Higher  val-
es  of  current  and  pulse-on  time  found  out  to  be  signiﬁcant
n  the  work,  whereas  graphite  powder  founds  to  be  more
seful  to  make  the  EDM  of  WC  stable  and  more  efﬁcient.
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